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CLAS12 Detector

New Hall

Upgrade arc magnets
and supplies

CLAS12 (Hall-B)
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Enhanced capabilities
in existing Halls U

e Drift Chamber inside Toroidal field for forward tacks.
— » e Electromagnetic Calorimeter for electron identification and neutral
{ gg@fg- ¥ I particle detector.
e Time of Flight system for particle identification.
 High Threshold Cherenkov Detector for electron pion rejection.

e Silicon tracker for central detector charged particle tracking in
Solenoidal Filed.

e Central Neutron Detector for neutron identification.
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e DAQ data rate 12 kHz,
L Lrec rOF EC e Data rate 400 Mb/sec
- & « Up-to-Date collected ~1.2 Pb
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CLAS12 tracking

Charged Particle Tracking

4

K XK ) Sectors 3 and 6 (Seq Event# 9 True event# 5133245)
Next | [ S dF 2 OMNCEO S R —7T

s e o > Charged particles are tracked using
e wom o Drift Chambers inside toroidal

. e magnetic field.
con Hits [ REC ) .
S > Each sector consists of 3 regions

> Each region consists of two cambers
(Super-Layer)

> Super-Layer has 6 layers
> Each Layer has 112 wires
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xyz (-122.39,211.99,643.20) cm
réeg (688.20cm, 20.84°,120.00°)

Y A pz ¢ (244.78cm, 643.20cm , 120.00°) B> - - -
VORI .o - 275,000, 533.20) cm 7 £dCn SecClor IS matrix o X WIres
4 _ Bl Tilted sect xyz (-49.98,0.00,686.38) cm
r Composite contains: Torus + Solenoid

soenoid zshinogooem T that charged particles passes

Field 0.0000 T (0.000,0.000,0.000) T
Grad 0.0000 T/m (0.000,0.000,0.000) T/m

> Each super layer hits are clustered
together

> Track candidate is format from ©
clusters (one from each super layer)

Super-Layer 5 Super-Layer 6
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CLAS12 tracking

Sector 1 Six sectors shown

All Drift Chambers (Seq Event# 9 True event# 5133245)

[Next| [§ & o @ 35 iGO B R, —7 —°

noise DC Clusters
Visibility
®  Single Accum. v Truth

Hit Display Control

B v Raw ] NN
Reg HB ] Reg TB
Al HB + Al TB

"Relative Accumulation or ADC Value

e Color Monochrome

0 0.2 0.5 0.8

1

Sector 1

Total DC occ 4.07% sector 1 occ 0.00%
approxr0¢ 244.1cm,21.2° 0.0°

Raw Superlayer Occ 2.68%

Reduced Superlayer Occ 1.79%
superlayer 2 layer 4 wire 53
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Problems we are trying to solve “

Classification

> Each event contains many combinations of clusters that can form
a track.

> Teaching Al which combinations are good and which are bad will
help the network to discern from given combinatorics which
\ @ candidate has higher probability to be a good track.
/\// > Possibly will speed up tracking code (80%-90% of total data
processing time) by considering only Al suggested track
candidates.
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Fixing Inefficiencies

'\ » Some regions of inefficiency in drift chambers can result in
/&T\' missing clusters in one of the super layers.

/

> Track classifier can recognize good tracks composed of 6
clusters.

> We need some methods to predict where missing cluster
— o position will be.

> Then classifier can identify good track candidate.

N
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Track Data _

> Events with 2 tracks in one sector are chosen for
training sample generation.

» 4 training track candidates are constructed:

> 2 “TRUE” tracks that were reconstructed by tracking
algorithm

> 2 “FALSE” tracks by swapping 1 or 2 (decided by
random number generator) clusters from adjacent track.

TRUE TRACK FALSE TRACK TRUE TRACK FALSE TRACK

T i /\\\/ * //' /\
\\ / ”’X\_ ENEES ag / I

\///\\:
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Neural Networks

Convolutional Neural Network (CNN)

Conv +
Input Maxpool FC FC  Output
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Recurrent Neurall Network (RNN)
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> Different Network types were evaluated for accuracy and speed.

> MLP is chosen to be the best fit, due to implementation
simplicity, accuracy and inference speed.

Features| TP FP PA TA Time
(ms)
ERT 6 100% | 6.14% | 100% | 100% 0.36
MLP 6 99.96% [10.77% [ 98.88% [ 99.65%  0.12
CNN |36x112196.11% [28.11% 194.26% | 94.26% 1.2
RNN 36 88.40% [11.60% - - -

TP - True Positive

FP - False

Positive

TA - Training Accuracy
PA - Positive Accuracy : percentage of tracks where
False Positive in an event has lower probability
than True Positive
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Fixing inefficiencies

o T—
] \o\ . \‘\
> Auto-encoder is a type of neural network that . Training Sample for Auto-Encoder \\
can be used to learn a compressed \'\. ~
representation of raw data.
> An auto-encoder is composed of an encoder N \\\
and a decoder sub-models. The encoder RN oy
: S Input Output S
compresses the input and the decoder
attempts to recreate the input from the . s 7 .
compressed version provided by the encoder. “ NSyl o -7/ \‘\.\\
. . /| N>~ Lode Tl
> Typically used for de-noising, but can be \\. Y N \/ -/ \ ~
_ - \
used for fixing glitches (our case). \ \ / \/\/
o\\.\\. / \ // \ / \\ / \\ '\\o\\‘\
/N / ~ \ 2N ~__
Input Output “ / \ > AN / \ \
g, “IF TensorFlow - [ N A
%‘.’;' \\\ 2.0 > N
e \ N —
\\ /}_\\\ ~ o Code - - .\\‘\\.\\. N v J N > J \\
\ / \ / Encoder Decoder N
/ \ / \ / \-\
\/ \ / . ~
A A N
// \\ / \) (/ \ e
/ -~ - ~ \ *—
/I \| |/~ SA \\\ \\
1% Keras

\ . / \ v / » Use Auto-Encoders to fix the missing cluster (provide a position)

Encoder Decoder » (Good reconstructed tracks are used to generate training
samples by removing one cluster from each super layer
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Fixing inefficiencies (Auto-Encoder Performance)

Inference of missing Segment: u= —0.058, 0 =0.356
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> Uncertainty in prediction for cluster position
for good tracks is 0.36 wire out of 112

> Uncertainty in prediction for cluster
position vs Super-layer with missing
cluster
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ldentifying tracks using both networks “

25 candidates

29 candidates

>
o«

] \\\ 7/
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P
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Construct all combinations of 6 cluster tracks from hits (25 candidates in
the example)

Evaluate track candidate likelihood using classifier neural network
Remove hits belonging to the track from list of hits.

Add track candidate to the list of possible tracks (with it’s probability
provided by classifier)

Construct combinations of 5 cluster track candidates (29 combinations
in the example)

Generate pseudo-hits in missing super-layers using Auto-Encoder neural
network

Turn them into 6 super-layer track candidates

Evaluate 6 clusters track candidates (with pseudo-hit) using classifier
neural network

Add track candidate to the list of possible tracks with appropriate
probability
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Why Did we need the second Network (Auto-Encoder)

» Relative fraction of 5 super-layer tracks Positive A
is about ~10% of total positively charge Charge ’ = ‘
particles.

o 6 CLUSTER| 242,145 | 256,175 1.0579
» The gain in number of 5 super-layer

tracks is about x2.2 (120% increase)

» Ihe gain In 6 super-layer track
reconstruction with Al suggested track
candidates Is ~6%.

» Due to high gain in 5 super-layer track

5 CLUSTER| 24,155 52,839 2.1875

TOTAL 267,339 | 309,058 | 1.1561

(where combinatorics is much larger for . Questions:
given number of segments) the total _ Are these real tracks ?
Increase in tracks reconstructed Is

» How does this translate into physics ?

~15.6% T
» |s this gain real ?
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Al Tracking Reconstruction Tools

» Al track classification and segment recovery network was implemented as a CLARA service.

» [racking code was modified to separate clustering from track finding

DC HB

Tracking RECAI::Particle

Al Track Finder

DC Clustering
(Hit Based Clustering)

Conventional DC HB REC::Particle
Track Finder Tracking

» Data analyzed in two parallel service compositions with separate output for Time Based Tracking

» Ihe parallel branches produce separate particle banks

» [racking code in the Al branch is 35% faster compared to conventional branch

» The full chain will be available soon for users to analyze and compare results from Al assisted
tracking with conventional tracking.
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Physics Impact

{ ol o onventional Tackng » Implementation of Al assistance in CLAS12 tracking
¥ Rt ol eficendes lead to tracking speed improvement of ~35%.

» Particle reconstruction efficiency increased when
using only Al suggested tracks.

A
A
I

t=0.99+0.0024x

—
-

» Study was performed to measure tracking efficiency
as a function of experiment luminosity (beam current)

» Conventional tracking efficiency decreases by 0.40%
per nA of beam current.

Tracking Efficiency
O
0

O
o0

» Al assisted tracking efficiency drops by 0.22% per nA.

f=1.00+-0.0022x . -
- » Efficiency drop improved by factor of ~2x.
0-71 t_1 00+-0.0040x y arop imp y

0.6

O 10 20 30 40 50 60 70
Beam Current (nA)
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Physics Impact

.+ I+, —
ep — em (X) ep —~enm m (X)
14000] B amere T 2000l » CLAS12 tracking code reconstruction
12000} efficiency improved with introduction of Al
10000l 1500 into track candidate finding.
8000 » Ihe tracking code speed improved by ~35%
1000+
] » What is the physics impact ?
4000+ : : y . : :
500 » Tow particle final state (ep->e’pi+X) missing
2000+
mass shows ~20% more event under proton
0) ' 0 — : :
00 05 10 15 20 25 30 00 05 10 15 20 25 30 peak. The gain Is constant over the whole
Mx(e?e'?+X) [GeV] Mx(e?e'?+7-X) [GeV] ¢ igsi
1.6 1.6 | range of missing mass.
1.5H 1.5} It
4 }" 4] ” ik I T R » Three particle final state (ep->e’'pi+pi-X)
% 12| F | S 1ot 1A missing mass shows ~35% increase in
ol oLl LI Bl statistics of missing proton.
0.9 Nﬂ | 0.91 ‘ ”
0.8 ' ' ' ' 0.8 ' ' ' '
co 05 10 15 20 25 3.0 0.0 0.5 1.0 15 20 25 30
Mx(e? e'?+X) [GeV] Mx(e? e'?+7?-X) [GeV]
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De-noising (CLAS12 Drift Chambers)

Input Output

B T TensorFlow - » Using Convolutional Auto-Encoders we can w100 nA
2\ ~_ Code _- 120

- AN AN clean raw data sample to leave only hits that | JLILI
A ,><\ />< A belong to a track. 100{

, , y , s0f

el Raan NS » Network Is trained on "good” reconstructed ; ,l

5 Keras N . 60
) tracks from experimental data. |

Y Y 40:‘ ’[
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n . ° ° a - o n N T R R R
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De-noising (mTPC)

» Generated 250 tracks with background, trained on noisy image and

NOISY CORRECT De-NOISED ground truth
> Over 90% of original hits are reconstructed on the de-noised image

> Less than 5% of noise remains on the de-noised image
> Validation curve matching with training accuracy ensures no over-fitting

Valid Hits histogram Noise Hits histogram

\ === Training Loss 1000 7 1000 +
0.0651

0.060
0.055 - \\ 800 800
0.0504 N\ Y
0.045

\ N\
0.040 - N \\ S 600 - S 600 -

(%] ~

g 0.035 1
0.030
0.025
0.020
0.015
0.010

Number of cases
Number of cases

SSSsa 400 - 400 -

200 A 200 4

0.005 -
0'000 T T T T T 0 T T T T T T T T T T T T T T T T T T T T T T T T T
2 4 6 8 10 0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95100 0 50 100 150 200 250
Epoch Hit accurac y % Noise %

Target 'T‘

GEM based readout units Double sided cathode planes
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De-noising (mTPC)

NOISY CORRECT De-NOISED

» Similar De-noising techniques can be used for EIC tracker
to clean background hits

> With many interactions classification from combinatorics
can help identify good tracks.

> Predicting missing hits (inefficiencies can also benefit
tracking efficiency)

EIC Tracker
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Conclusions “

I:I Conventional Tracking
> Al Classification

> Two types of Neural Networks are developed to assist tracking code: :l Al De-Noising&Classification

» Track candidate classifiers 90

> |nefficiency recovery network based on Auto-Encoders a0l
> The implementation in standard reconstruction code lead to
improvements: 701+ _
> Tracking code speedup of ~35%. ‘0
> Particle track reconstruction efficiency improvement of ~15% for
standard running conditions (40-50nA). 501 -L J-|-|_|_L
4 40 JLL
> Improved efficiency for physics outcome for multi particle final sates 30l ] ]_rl_.-'ﬂ
> Improvement in statistics 20%-35% (for standard running JJ_|_|_L
conditions) 20+ -I_IILL
4 10t
» Use the network we developed for other detectors mTPC (Bonus), ole = , , ,
Micro-Megas (other?) 0.6 08 10 1.2 14 1.6 1.8
» Use for other Experiments GlueX, Solid, EIC ? Mx (e'pi+) [GeV]
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BACKUP SLIDES
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50 nA Al assisted 50 nA Al assisted de-noised

40 ¢
O Conventional Tracking 200 L
14000+ B Al Assisted Tracking 2000+ |
12000+
30 F
150 |
1500+
10000} -
8000| ol
1000+ 100 1
6000 | .|
4000} s00l | 0}
2000} al
0 ' 0 - 0 0 I
00 05 10 15 20 25 30 00 05 10 15 20 25 30 - T s
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O RS
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